Abstract-The class imbalance problem in machine learning occurs when certain classes are underrepresented relative to the others, leading to a learning bias toward the majority classes. To cope with the skewed class distribution, many learning methods featuring minority oversampling have been proposed, which are proved to be effective. To reduce information loss during feature space projection, this study proposes a novel oversampling algorithm, named minority oversampling in kernel adaptive subspaces (MOKAS), which exploits the invariant feature extraction capability of a kernel version of the adaptive subspace self-organizing maps. The synthetic instances are generated from well-trained subspaces and then their pre-images are reconstructed in the input space. Additionally, these instances characterize nonlinear structures present in the minority class data distribution and help the learning algorithms to counterbalance the skewed class distribution in a desirable manner. Experimental results on both real and synthetic data show that the proposed MOKAS is capable of modeling complex data distribution and outperforms a set of state-of-the-art oversampling algorithms.
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INTRODUCTION
O NE of the ten challenging problems in data mining research [1] is the imbalance learning problem which has been widely reported in various real-world applications, such as medical diagnosis [2] , detection of fraudulent financial activities [3] , [4] , detection of oil spills [5] , brain-computer interface applications [6] , and customer churn prediction [7] . The class-imbalance learning problem occurs when highly unequal distribution of data exists among different classes in a learning task [8] . The majority class having a relatively large number of data points can overwhelm the data distribution of the minority class. As a result, the minority class with a relatively small number of data points may be severely underrepresented during the learning process and this may make the machine learning algorithms fail to accurately learn the minority class concepts [9] , [10] .
With great influx of attention devoted to the imbalance learning problem, several strategies have been proposed, which can be roughly divided into two categories: algorithmlevel methods and data-level methods [11] . Some of the algorithm-level methods [12] , [13] , [14] use cost-sensitive learning [15] , in which the imbalance present in the dataset is counterbalanced by assigning higher cost to misclassification of the minority class instances and lower cost to that of the majority class instances [16] . On the other hand, data-level methods establish class balance through data resampling techniques such as undersampling of the majority class [17] , oversampling of the minority class [11] , [18] , [19] , [20] , [21] , [22] , [23] , [24] , [25] , or a combination of both [26] . This study lays emphasis on oversampling techniques since these methods do not disregard informative and important instances, which undersampling algorithms may during rejection of majority class instances.
Oversampling algorithms enforce emphasis on the minority class by augmenting it with generated instances. The most straightforward approach is to generate instances in the data space (i.e., the original input space in which the training data are available) such as duplicating the existing minority class instances as much as necessary to balance the dataset or performing operations like rotation and skew to perturb the data [27] . However, this strategy will inevitably lead to over-fitting [28] and cannot significantly improve minority class recognition. To address this problem, several advanced methods have been proposed including interpolation-based [18] , [19] , [20] and structure-preserving approaches [11] , [21] that tend to introduce certain variations in the synthetic instances from the existing instances. In the interpolation-based approach, minority class instances are selected as seed instances in turn, and synthetic instances are generated by interpolating between a seed instance and one of its random nearest minority class neighbors. The interpolation-based methods include synthetic minority over-sampling technique (SMOTE) [18] and its extensions, adaptive synthetic sampling approach (ADASYN) [19] , majority weighted minority oversampling technique (MWMOTE) [20] , and certainty guided minority oversampling (CGMOS) [29] . In SMOTE, the minority class is over-sampled by taking each minority class instance to generate synthetic instances along the line segments joining any/ all of the minority class nearest neighbors. The synthetic instances can be generated in a less application-specific manner by operating in the feature space rather than data space. In ADASYN and MWMOTE, advanced mechanisms to determine the hard-to-learn minority class instances are proposed to improve the classifier learning efficiency. The CGMOS [28] aims at improving the Bayesian classification performance for both majority and minority class by examining the certainty change while adding synthetic instances to the dataset. On the other hand, structure preserving oversampling (SPO) aims at allowing the resulting synthetic instance data to preserve the main structure of the original minority-class instances. For example, Mahalanobis distance-based oversampling technique (MDO) [22] maintains covariance structure of target instances in the minority class and generates synthetic data along with the probability contours of the selected instances. A hybrid oversampling technique called Integrated Oversampling (INOS) [11] is proposed to address imbalanced learning issue by synergistically combining enhanced structure preserving oversampling (ESPO) [11] with interpolationbased oversampling. In this way, INOS can inherit the main covariance structure of the original minority-class instances and at the same time can protect the existing hard-to-classify instances that are close to the class boundary.
To consider the probability distribution of data, several methods have been developed recently. For example, distribution random oversampling (DRO) [23] extends the original vector representation of the input data with additional features that are generated by some stochastic function to oversample the minority class. Synthetic instances are generated exploiting the distributional characteristics of the training data. These additional features are called latent features and the associated feature space as latent space. RACOG and wRACOG [24] both generate instances for the minority class by considering joint probability distribution of data features. The probability distribution of the minority class is learnt using a dependence tree algorithm and the Gibbs sampler is used to generate instances from the distribution. RACOG and wRACOG differ only in the strategy to select instances generated by the Gibbs sampler.
To address nonlinear boundary problem, the absent data generator (ADG) [25] algorithm, which applies kernel Fisher discriminant analysis, ensures that the synthetic instances are close to the border of the majority class and their projections to a lower dimension are near to that of exiting minority points. As opposed to working in the original data space (or input space), mapping data into a (usually high-dimensional) feature space, where linear separation may exist among different classes, and generating synthetic minority class instances in such a feature space are expected to enhance the performance of classifiers. However, the information loss during feature space projection and reconstruction is usually significant. The characteristics of the synthetic instances generated by such a mechanism may differ from that of the input instances considerably. To cope with class imbalance problem in the above-mentioned circumstance, this study proposes an innovative oversampling technique using a kernel based adaptive subspace self-organizing map that is expected to model complex data distribution of the minority class while generating synthetic instances. There are two important features of the proposed algorithm. First, the synthetic instances bear significant resemblance to the existing instances, but introduces necessary variation and, therefore, holds great potential in generating synthetic instances. Second, multiple subspaces are exploited to model different characteristics of the input data distribution, that the synthetic instances generated by different subspaces will inherit.
The rest of the paper is organized as follows. Section 2.1 is a revisit of previous works. In Section 2.2, the proposed oversampling algorithm, named minority oversampling in kernel adaptive subspace (MOKAS), is introduced in detail. Experimental design and results are presented in Section 3. In Sections 4 and 5, discussion and conclusions are included, respectively.
MINORITY OVERSAMPLING IN ADAPTIVE SUBSPACES
Adaptive Subspace Self-Organizing Map
A special type of self-organizing map (SOM) [30] , the adaptive subspace self-organizing map (ASSOM) algorithm, proposed by Kohonen et al., [31] , [32] consists of different modules where each module learns to recognize invariant patterns that are subjected to simple transformation (each module represents a subspace). If weight vectors can be trained in a way such that they act like invariant featurefilters, then such weight vectors can be used to generate input representation invariant to certain transformations and hence can be very effectively used for pattern recognition. . So the orthogonal projectionx x of x on the subspace is given bŷ
where
The vector x may not exactly lie in the subspace spanned by B m m and in that casex x 6 ¼ x x and there will be some error in the projected or reconstructed vectorx x: The error vector is x x ¼ ðx x Àx xÞ and a good measure of error can be defied as kx xk 2 ¼ kx x Àx xk 2 .
An ASSOM [31] , [32] . is a neural network that uses (1) and (2) to adaptively find different subspaces, where each subspace characterizes some invariant aspect of the data used to train the network. An ASSOM (Fig. 1) is realized using three layers of neurons: input layer, first layer and the second layer. In the second layer, each neuron represents a module. Each module is connected with a number of neurons in the first layer. Each module represents a preprocessing unit in a special SOM array. Let the mth module be connected with H neurons in the first layer. Each neuron in the first layer is connected with all input nodes. Therefore, a neuron in the first layer is associated with a weight vector in the same dimension as that of the input. Consequently, a module is associated with a set of such weight vectors. ðmÞ . The hth neuron in the first layer that is associated with the mth module computes the inner products of an input instance and its associated basis vector using (2) . In other words, it computes the similarity between the basis and the input. The second-layer neurons (m) form quadratic functions of the first-layer neurons' outputs. As mentioned earlier, a given input pattern x x may not exactly lie in any of the linear subspaces. The quadratic neurons compete among themselves to find the best matching subspace, i.e., winner, c c ¼ argmin m kx x Àx x m k 2 . The network then updates the basis vectors associated with the winner as well as its topological (spatial) neighbors so that the associated subspaces capture some invariant characteristics of the data [31] , [32] . In case of a SOM, the weight vectors quantize the data, where each weght vector represents a set of similar data points (cluster). But in case of an ASSOM, each quadratic neuron represents a subspace which represents a subset of the data (i.e., a subset of the data that lies on the subspace). Thus, each suspace represents some invariant characteristics of a subset of the data. It is therefore, reasonable to assume that if we can generate synthetic instances from each of these subspaces, these instances will follow the distribution of the original data. We shall exploit this property to deal with classification with imbalanced data.
Since the set of basis vectors associated with a module is required twice, once to compute (1) and then to compute (2), to make an efficient network implementation, a quadratic neuron representing a module in Fig. 1 has been expanded in Fig. 2 to have another layer of neurons so that a copy of the basis vectors is available for computation of (2) .
Note that, if the number of first-layer nodes is smaller than the dimension of input instances, the first-layer neurons will not form a full-rank orthonormal basis. As a result, the reconstructed vector from the second-layer neurons will not be identical to the input vector. However, with proper training of the subspaces, this variation becomes beneficial and results in synthetic instances that bear strong resemblance to the existing instances. This mechanism introduces adequate and apropriate variation for generation of samples implicitly from the original data distribution. Therefore, this holds a great potential in generating synthetic instances for minority oversampling. Another major feature of the minority oversampling in adaptive subspaces is that multiple subspaces are exploited to model different characteristics of data distribution. This suggests that the synthetic instances generated by each subspace will inherit different characteristics of the input data.
Minority Oversampling in Kernel Adaptive Subspaces
In this section, the proposed oversampling method, named minority oversampling in kernel adaptive subspace (MOKAS), is introduced. First, we discuss the kernel version of ASSOM proposed by Kawano et al., [33] , which enhances the capability of modeling complex data distribution with invariant features. Second, we explain generation of synthetic instances by projecting existing minority instances onto these kernel adaptive subspaces to cope with the class imbalance problem. In this method, the obtained synthetic instances that preserve characteristics of the existing instances and yet possess certain variations might improve the classifier learning efficiency and avoid the over-fitting problem. Then, an inverse transformation, i.e., the preimage process [34] , is performed to map the synthetic data in the feature space back to the original input space. The system flowchart in Fig. 3 depicts that there are five major phases in the proposed algorithm. In the first phase, certain system parameters are initialized according to the target task. In the second phase, input instances are mapped to a feature space and projected onto different subspaces of the feature space. Next, weight vectors of each subspace are trained using a competitive learning scheme [35] in the third phase. In the fourth phase, the Gram-Schmidt process is applied in the feature space to generate orthonormal bases. Training epochs are continued until a pre-defined termination criterion is reached. Finally, in the fifth phase, synthetic instances are generated by projecting existing instances onto the well-trained feature subspaces and then performing an inverse transformation of the synthetic instances back to the input space. Thus, each training instance can be used to generate as many synthetic instances as the number of subspaces. Details will be discussed in the following sections.
Initialization
Two major parameters, i.e., the number of modules M (each module represents a subspace) and the number of orthogonal basis H, have to be determined for initialization. The number of modules M reflecting the imbalance ratio is defined as
where N min and N maj are the numbers of instances in the minority and majority classes, respectively. The value is defined such that the dataset after oversampling will make the imbalance ratio approach one. That is, for each existing instance, we can generate M synthetic instances. The value of H can be randomly selected as long as the value is not greater than N min for initialization. This is because the basis vectors in the feature space are represented by the minority class instance vectors and therefore we can generate orthonormal basis only if the number of basis vectors is not greater than N min . The number of basis vectors has a close connection to the similarity between original data and synthetic data. The larger the value, the more similar synthetic data are expected to be to the original data. When two parameters have been determined, the subspaces can be initialized as
where m ¼ 1; 2; . . . ; M and each basis vector in the feature space can be represented as [33] 
where h ¼ 1; 2; . . . ; H. Here b b mh is the hth basis vector of the mth subspace in the feature space. fðx x n Þ is the feature space representation of the nth minority class instance, and a is a subspace parameter. Here b mh is written as a liner combination of fðx x n Þ.
Transformation and Projection
As stated earlier, b b mh s are the basis vectors in the mth subspace in the feature space. The projection of input fðx xÞ on the feature subspace can be derived bŷ
which can then be rewritten aŝ
Thus, the projection length can be evaluated bŷ
Note that, the above equation is solely dependent on the kernel function. Kawano et al., [33] call Eq. (8) as the response of the mth neuron. One can easily select from a wide variety of commonly used kernel functions, such as linear, polynomial, sigmoid, or, radial basis function (RBF) kernel, depending on the target application to yield useful results. Here we shall use the RFB kernel.
Competitive Learning
Using a competitive learning algorithm, the ASSOM finds the basis vectors of the subspaces by minimizing the expected weighted squared projection error. This is equivalent to maximizing the expected weighted squared projection lengths. The output of a module is invariant to limited linear transformation that occurs within the subspace [31] . Here each module learns to represent a different subset of the data that are invariant to some linear transformation. In other words, a module captures some invariant characteristics of a subset of the data. The output of a module (quadratic neuron) can be viewed as the degree of match between the input and the subspace.
In case of a competitive learning environment like SOM or for a clustering algorithm, a prototype represents a set of points (i.e., a cluster) and each such cluster represents a different substructure present in the data. Similarly, here also, different subspaces model different subsets of the data. In case of clustering, for every data point there is a best representative cluster, here too for a data point there is a best matching subspace. The set of points, that best matches a subspace, enjoys some invariant characteristics represented by the subspace. When we do the training in a feature space (after projecting the data to a high dimensional space), the same is true in the feature space. In this case, an additional advantage is that when the subset of data corresponding to a module is projected back to the input space, the invariance is likely to be with respect to some nonlinear characteristics.
The minimum length of an orthogonal projection of a vector on a subspace is zero when the vector does not lie on the subspace and the maximum length of the projection is the length of the vector itself, and it happens when the vector lies exactly on the subspace. In all other cases, the length of the projection will be between zero and the length of the vector. Hence, larger the length of the projection, the more similar the projected vector to the input vector. Consequently, the winner module for every training iteration can be identified according to the following criterion:
After the winner module is identified, the following neighborhood function with respect to the winner module c is applied to evaluate the relationship between the winner module, c, and any other module, m,
where m ¼ 1; 2; ::; M. For the conventional ASSOM, the neighborhood function is defined such that a module closer to the winner module will result in a higher value and vice versa. This is realized considering a neighborhood function on the ASSOM array. This helps to realize the toplogy preservation property, which is important for SOM. However, in our application, this property is not relevant. There is no utility of having two subsaces associated with two neighboring neurons to be similar. On the contrary, we want each subspace to model some invariant structure of the data as good as possible. Hence, use of neighborhood function in the feature space is more useful. For this we use (10) to define the strength of association between the winner module c and some other mdule m. The learning momentum is thus dissipated according to the neighborhood relation in the feature space, in which the winner module receives the largest momentum and as the distance of a neighbor increases, the learning strength decreases. Following the same strategy as done in [33] the learning objective function to be maximized is defined as
The objective function states that the weighted summation of the projection length on the subspaces should be maximized, so that the projected vectors are as similar as possible to the original data distribution. This is done using gradient search. Taking the derivative of the objective function with respect to the subspace parameter a yields
Thus the subspace parameters are updated by
where the superscript ðtÞ denotes training iteration and ðtÞ is a learning-rate factor that diminishes with t.
Orthonormalization
After updating the subspace parameters a, the GramSchmidt process [36] 
h ¼ 1; 2; . . . ; H, and K is the Gram matrix.
Inverse Transformation
To this point, we are able to train the subspaces so that they approximate the distribution of the original data in the feature space, and are able to generate an orthonormal basis for each subspace. Therefore, the synthetic data can now be generated by projecting the original data onto the trained subspaces in the feature space aŝ
However, the formula in (15) only provides representation of the synthetic instances in the feature space. An inverse transformation, i.e., a pre-image process [34] , that exploits the concept of multi-dimensional scaling [37] is used to reconstruct the input space representation of the synthetic instances. The distances with neighbors are the most important in determining the location of synthetic data points. To preserve the local neighborhood structure, this pre-image method directly finds the location of the pre-image based on distance constraints, in which the n-neighbors are used in locating the pre-image. This method involves only linear algebra and does not suffer from numerical instabilities or the local minimum problem [34] .
EXPERIMENTAL DESIGN AND RESULTS
This section compares the performance of the proposed minority oversampling in kernel adaptive subspaces (using an RBF kernel function with a width parameter gamma) with that of five selected state-of-the-art algorithms including interpolation-based and structure-preserving methods from two perspectives. First, the proposed MOKAS is compared with other state-of-the-art oversampling algorithms by visualizing the data distribution with scatter plots. Additionally, the similarity between original data and synthetic data is examined by the nearest neighbor method. Second, to further assess the quality of the samples generated by MOKAS, we have made an extensive comparison of classfier performance using the data generated by different state-ofthe-art oversampling methods on ten real-word benchmark imbalanced datasets from the UCI machine learning repository [38] and one electroencephalographic (EEG) datasets [39] . For interpolation-based methods, SMOTE, ADASYN, and MWMOTE are selected. On the other hand, ESPO and INOS are selected to be representatives of the structurepreserving group.
Data Distribution
To test the performance of the proposed oversampling algorithm, MOKAS, and the selected state-of-the-art algorithms, 2D datasets named Half ring, Petals, Regular and Saturn (as shown in the left panel of Fig. 4 ) [40] were chosen to consider non-Gaussian and arbitrary shaped data distributions.
Note that each algorithm was required to generate 3 Â N min synthetic instances for a predefined class. All the instances generated by different oversampling algorithms are visualized with 2D scatter plots for comparison. As shown in Fig. 4 , red crosses symbolize majority class instances, blue crosses stand for minority class instances, and cyan dots represent synthetic minority class instances generated by oversampling algorithms. The effectiveness of the synthetic data is measured by the classification accuracy of a nearest neighbor (1-NN) classifier (as shown in Table 1 ), where the 1-NN classifier is trained with the original data (two-class: minority class versus majority class) and is tested using the synthetic data generated by MOKAS.
In Half ring (Fig. 4a) and Petals (Fig. 4b ) datasets, we observe that the synthetic instances generated by MWMOTE are more densely located near the class boundary. In Saturn dataset (Fig. 4d) , some of the synthetic instances (generated by MWMOTE) are placed at erroneous positions. Originally, existing minority class instances are located on a horizontal ellipse. However, some of the synthetic instances are found around the central region. On the other hand, synthetic instances generated by ADASYN, ESPO, and INOS for Half ring (Fig. 4a) , Petals (Fig. 4b) , and Saturn (Fig. 4d ) datasets are distributed with lower similarity to the original minority class compared to the instances generated by SMOTE and MWMOTE. Also, notice that for Half ring and Petals datasets, the boundaries expand considerably after synthetic instances are appended to the minority class. Overall, as shown in Fig. 4 and Table 1 , synthetic instances generated by MOKAS better fit existing minority class instances. This is also revealed by the fact that for each data set, the performance of a 1-NN classifier on the data generated by MOKAS is better than or equal to the best of the other five synthetic instance generation schemes. Regardless of the distinct characteristics of different datasets, MOKAS, utilizing the kernel adaptive subspaces, demonstrated its robustness to describe the distribution of the minority class.
Classification Performance
The effectiveness of each oversampling algorithm in assisting classification algorithms in an imbalanced learning task is thoroughly compared in this section. The experiment is conducted on 10 real-world datasets (as listed in Table 2 ), taken from the UCI machine learning repository [38] . To fit our research interests, some minor modifications were made on the datasets. For example, manual selection of two classes as majority and minority classes or given a selected class as the minority class, combining all other classes as the majority class. Additionally, to verify the performance of the proposed algorithm on data with high noise and variation, EEG datasets collected from 14 human subjects in a VEP oddball task [39] are used. Regarding classification algorithms, threelayer neural networks (with an input layer, a 10-node hidden layer, and an output layer) and support vector machines (with RBF kernel function) [41] are used in this study. The penalty parameter C of SVM and the spread parameter g for the RBF kernel in SVM are selected by a grid search [42] . For g we consider the set f2 À15 ; 2 À13 ; . . . ; 2 3 ;g and for C we consider the set f2 À5 ; 2 À3 ; . . . ; 2 15 ;g. Note that, these parameters are obtained directly from the training data. To find the separating hyperplane for imbalanced data, the "balanced" mode of SVM is also applied. The "balanced" mode automatically adjusts weights inversely proportional to class sizes in the input data [43] .
When the classification problem is a balanced one, accuracy or error rate is a good measure of performance. However, for highly imbalanced data, accuracy is not at all a good performance index as a classifier may learn the majority class completely ignoring the minority class, yet yielding a high accuracy. Hence, in this study, in addition to Accuracy (ACC) or Area Unver Curve (AUC), four commonly used metrics, recall, precision, f-value, and g-mean, are calculated to assess the effectiveness of imbalance learning techniques. The confusion matrix provided in Table 3 , interprets the physical meaning of such metrics. Recall is often regarded as a measure of completeness, indicating faction of correctly classified positive (minority) instances among the actual positive instances. On the other hand, precision is a measure of exactness that states the fraction of true positive instance among positively classified instances. Thus, precision and recall, two together provides a better picture, but each of them separately gives a one sided picture. The F-value and G-mean act as overall assessment metrics that reflect compromised performance between the two classes.
For a fair comparison, each oversampling algorithm is required to generate as much synthetic instances as necessary to balance the datasets. Here, the number of synthetic instances generated, M; is determined by Eq. (3). In MOKAS, the gamma value of the RBF kernel function is set to 0.5 for data generation. In the pre-image process, five neighbors are G-mean ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi recall Â specificity p selected to reconstruct the input space representation. After some preliminary experiments, the number of basis vectors in the feature space is empirically set to N min Â 0:35.
The classification results are obtained via a training-test partition based validation scheme consisting of an outer iteration and an inner iteration. In the outer iteration, 70 persent of randomly selected instances and the remaining 30 persent instances are used to form the training and the testing sets, respectively. Notice that the selection process is separately performed on each class data so that the imbalance ratio remains the same in the training and test sets. The chosen oversampling algorithms are trained using the training set, and then synthetic instances are generated to balance the training set. Afterwards, in the inner iteration, classifiers are trained using the balanced training set and the trained classifiers are applied on the test dataset. For each outer iteration, the inner iteration is repeated 50 times. The outer iteration is repeated five times. In short, the classification results are obtained by averaging the results of 250 iterations to account for randomness in oversampling algorithms as well as in the generated data partition. Tables 4 and 5 To further interpret the results, as done in [14] , for each data set and each validation measure we rank the performance of different instance generation methods. In each assessment metric, the method that exhibits the best result is assigned a rank one; the second one is given a rank two and so on. This is done separately for the neural networks and SVMs and the average ranks for all algorithms considered are summarized in Table 6 . The overall performance (average of performance matrices) against different imbalance ratios is shown in Fig. 5 . Overall, MOKAS (black trace) performs better than other oversampling methods in most of cases.
When neural networks are applied, MOKAS is ranked the number one in terms of recall (2.55 rank value), precision (2.80 rank value), f-value (2.00 rank value), g-mean (2.40 rank value), and overall rank (2.44 rank value). When SVMs are applied, MOKAS is ranked the topmost one in terms of f-value (2.27 rank value), g-mean (2.45 rank value), and overall rank (2.82 rank value). In terms of recall, MOKAS (3.18 rank value) falls behind ESPO (2.55 rank value) and INOS (2.73 rank value). These results suggest that, in terms of precision, the oversampling method may not help much.
DISCUSSION
Classification Performance
Referring to the experimental results provided in the previous section, we find that whenever an oversampling algorithm is applied, with a few exceptions, recall rates are improved. On the contrary, precision rates are often degraded after oversampling algorithms are applied. This phenomenon usually arises when there are overlapped classes in the datasets, and overlapped classes are commonly observed in real-world data sets. When an oversampling algorithm acts on a dataset with some overlap between classes, oversampling may push the boundary towards the majority class. Consequently, The results using neural network are organized in the left column and that using SVM (with balanced mode Ã and SVMlighty) are in the right column. the best results are highlighted in bold face.
classifiers are able to detect more minority class instances but might also misclassify a portion of the majority class instances around the boundary, resulting in an improved recall rate but a degraded precision rate.
The results in Table 4 , reveal that the structure-preserving methods improve the performance in terms of Recall rate but degrade the results in terms of precision rate. On the other hand, MWMOTE, one of the interpolation-based methods used in this study, tends to generate better results in terms of precision rate but worse results in terms of recall rate when compared with MOKAS. The oversampling mechanisms account for these differences. In INOS algorithm, although principal components are extracted from the training data, a normal distribution is assumed when producing synthetic instances. Such an assumption may fail to reflect the actual data distribution and may result in a larger boundary for the minority class. Hence, recall rate may improve but at the cost of degradation in precision rate. On the other hand, interpolation-based methods generate synthetic instances on the line segment between a seed instance and its neighboring instances. So we can expect that the boundary of the minority class will not expand considerably. In addition, MWMOTE exploits an advanced mechanism to identify hard-to-learn instances. This mechanism further avoids over-fitting problem. However, such a conservative strategy may also limit the improvement on recall rate. In the subspace-projection methods such as the one proposed here, MOKAS, the synthetic instances are generated from subspaces that are trained to appropriately describe the minority class distribution. In this category, no specific distribution type is presumed and certain variations are introduced when generating synthetic instances. This results in a more useful oversampling strategy, which strikes a balance between recall and precision rates. The results using neural network are organized in the left column and that using SVM (with balanced mode Ã and SVMlighty) are in the right column. The best results are highlighted in bold face. Best results (smallest ranks) are highlighted in bold face.
Number of Basis Vectors in MOKAS
A major factor determining the outcome of MOKAS is the number of basis vectors. In Fig. 6 , several scatter plots are presented to visualize the differences when adopting varying number of basis vectors to model data distribution. When the number of basis vectors increases, the synthetic instances are located closer to the existing instances. This is straightforward since the information loss is reduced when more basis vectors are exploited to model the data distribution and hence results in more similar synthetic instances.
Limitation of MOKAS
A limitation of the proposed method is that it does not scale well with number of data points in the training set. Like SVM, the size of kernel matrix increases quadratically with the number of data points making memory storage and computation requirement difficult, as show in Table 7 .
CONCLUSIONS
Inspired by the kernel-based ASSOM structure, we develop a novel oversampling algorithm, MOKAS, which exploits subspaces to model data distribution in a high-dimensional feature space. The subspaces are trained in a competitive learning framework like SOM and they adapt to different characteristics of the minority class instances. Synthetic instances are generated by projecting existing minority class instances onto different subspaces. The synthetic instances bear much resemblance to the existing instances but each possesses different characteristics inherited from the subspace. A pre-image method is utilized to transform the synthetic instances from the feature space back to the input space. Visualization results show that MOKAS is capable of modeling complex data distribution. Classification results also show that the proposed algorithm effectively copes with imbalanced distribution of instances over different classes and assists classifiers in learning from imbalanced data. MOKAS exhibits superior overall performance compared to selected state-of-the-art interpolation-based and structure-preserving oversampling algorithms.
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